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ABSTRACT
This study hypothesizes that injury-causing factors can be identified through training machine
learning models with NFL injury data. The machine learning process entailed web scraping,
pre-processing, cleaning, modeling, and analyzing NFL injury data to identify these factors.
The features used to model injuries included the following: games played, games started,
weight, height, age, year, years of experience, starting position, and team. The four models
used to model NFL injuries were Logistic Regression, Decision Trees, Random Forests, and
Gradient Boosted Trees. The model with the best performance was the Gradient Boosted
Trees model, with an F1 score of 0.508. In addition, the Gradient Boosted Trees model
selected teams, games played, and starting position to be the most influential factors when
determining the probability of a player getting injured during the season. The most notable
takeaway from this study is that the left guard position is the most injury-prone, followed by
defensive secondary player positions such as safety and cornerback.
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INTRODUCTION
Since the 1920s, the National Football League has moved away from being a brute, leatherhelmeted game and transitioned into the sport we love today. Nevertheless, this inherently
violent sport still poses serious health risks to players. Recent reports of severe brain injuries
affecting the long-term mental health of players have placed the NFL under increased scrutiny
from fans and players. For the NFL to survive as a sport, the league needs to find ways to
minimize the risk of injury without sacrificing the physical contact relished by fans. The
scope of this study seeks to address the incidence of injuries in the NFL to determine the
factors causing injuries. This study illustrates that accurate data modeling of NFL injuries will
prove insightful in identifying factors that cause injuries in the NFL.

LITERATURE REVIEW
The NFL has gained a poor reputation when it comes to protecting its players. In recent years,
the league has attempted to regain the trust of its players by implementing rule changes such
as increasing the number of yards a team receives for committing a touchback on a kickoff to
discourage kick returns. This change was made because the kickoff is the most dangerous
play in football. This literature review seeks to uncover other aspects of football that are more
dangerous than others to predict player injuries. This review explores injuries to the head and
body and identifies other factors such as race that contribute to the likelihood of a player
being injured. This study hypothesizes that by incorporating these factors into a dataset and
applying machine learning algorithms, factors that contribute to injuries in the NFL can be
identified.
Prominent Injuries in the NFL
Current literature suggests that specific injuries in the NFL have higher incidence rates than
others. For example, I collected league-wide data from the league's electronic health record
system (EHR) and found that knee injuries are the most common lower-body injury. Knee
injuries account for 29.3% of lower-body injuries, followed by injuries to the ankle (22.4%),
thigh (17.2%), and foot (9.1%) (Mack et al., 2020). Lower body injuries are common in the
NFL as the legs are typically the target point when a defensive player is tackling an offensive
player.
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A similar study assesses the incidence of spine and axial skeleton injuries, a much more
severe injury in the NFL. The study collected data from the NFL's injury surveillance
database from 2000 to 2010 and learned that these injuries represented 7% of total injuries.
This percentage equates to 2,208 injuries, where 987 occurred in the cervical spine.
Additionally, time missed from play was most significant for thoracic disc herniations, where
the average recovery period was 189 days (Mall et al., 2012). Furthermore, offense linemen
followed by defensive backs, defensive linemen, and linebackers were most likely to suffer
this injury. Compared to other positions, these positions prone to spinal injury engage in the
most tackling and blocking on the field.
Additional injuries that NFL.com reports include concussions, ACL tears, and MCL tears.
Appendix E provides the injury occurrence for each of these injuries from 2015 to 2021. For
example, from 2015 to 2021, the occurrence of ACL tears increased from 30 to 49. And the
occurrence of MCL tears has decreased from 110 to 98. On the other hand, the NFL's data
claims that concussions have dropped from 192 in 2015 to 135 in 2021. In addition, the NFL
argues that its rule changes have reduced concussions in the sport. Yet the NFL continues to
face lawsuits over these injuries.
Concussions in the NFL
Concussions consistently taint the reputation of the NFL. An estimated 3.8 million
concussions occur each year, with football causing more concussions than any other
professional sport (Mostafavi et al., 2021). Although player equipment and league rules have
evolved to increase player safety, concussions jeopardize the game's longevity. For example,
during the 2010-2011 NFL season's opening day, Eagle's quarterback and middle liner backer
Kevin Kolb and Stewart Bradley sustained concussions during the second quarter of the game
(Lazarus, 2011). These injuries were caused by Kolb being tackled by an opposing player
headfirst into the turf, whereas Bradley was accidentally hit in the head by a teammate's thigh.
Kolb returned to play after twenty minutes and Bradley after four plays. Medical experts
criticized the medical staff. However, Andy Reid, former coach of the Packers and current
coach of the Kansas City Chiefs, explained, "The football players were fine […] All the
mental status questions they answered on the sideline and the things they did with the team
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docs registered well. However, as the game went on, they weren't feeling well, so we took
them out" (Lazarus, 2011). Two days after Kolb's concussion, he wrote on his Twitter, "Does
anyone have good remedies for a killer headache" (Lazarus, 2011). This situation illustrates
the negative impact of concussions on the game of football. By addressing the concussion
issue within the NFL, players can sustain more NFL seasons and generate more wealth
throughout their careers. Football is a lifelong investment for many of these athletes, and by
irresponsibly managing their injuries, they are destroying a player's potential return on this
investment. By making the game of football safer, the NFL will also benefit because a large
pool of players may choose to pursue football professionally over other sports, which in turn
increases the amount of skill within the league. This increase in agility will bring the game to
new heights and retain football's image as a spectator's sport.
Preventative Measures - Helmet Technology
Fortunately for players, more complex and accurate medical information will become
available with the development of newer helmets. In recent years, equipment engineers and
medical experts have experimented with helmets using radio frequency identification (RFID)
tags and Haptic feedback. The system works by tracking players through these RFID tags on
the field. When a player sustains a force with enough magnitude to warrant a concussion, they
receive "haptic feedback" or vibrations from sensors in their torso indicating they need
medical attention. The third part of this system is the central server which processes the data
and analyzes it in real-time to send feedback to the player. (Mostafavi et al., 2021). This
system was tested using data from the 2017 game between Chiefs vs. Patriots. The system
predicted seven events that warranted concussion protocol with only one false alarm. Using
NFL data (collected by the league), four false alarms and two incidents were missed. This
suggests that the new features on these helmets were superior in data collection and were
more accurate in determining events where a concussion was possible (Mostafavi et al.,
2021). As this technology develops and becomes implemented into the game, this immediate
haptic feedback will empower players by increasing their awareness of a potential concussion.
RFID tags and haptic feedback may notify players of a concussion, but they do not offer any
added protection from the onset of a concussion. There are four primary shock-absorbing
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materials in helmets: foam, buckling cone, air damper, and buckling beam (Alizadeh et al.,
2019). The study compared these four materials to a newly developed liquid shock-absorbing
helmet technology at low, medium, and high-speed impact while measuring brain-skull
displacement. The study found that the liquid shock-absorbing helmet outperformed all other
competing helmet materials when simulating concussions. In addition, the liquid shockabsorbing helmet represents at least a ¾ reduction in concussions from the next bestperforming helmet (Alizadeh et al., 2019). Ideally, haptic feedback and RFID tag technology
will be incorporated into helmets with liquid shock absorbers to maximize player safety.
However, considering the wealth of the NFL, the current lag in adopting this technology
suggests that the league is not prioritizing the players' health by not investing in expediting
the development and production of these helmets.
Current Methods for Injury Forecasting
Each year at the NFL, combine teams scout players based on their physical capabilities.
Studies have recently been conducted to assess these players' bones and muscles' structural
integrity at the combine to analyze the likelihood they will sustain specific injuries during
their careers. Comparing the hamstring to quadriceps ratio of combine players resulted in an
accurate prediction of injury later in their career 51.3% of the time. This low accuracy score
was not improved upon when researchers measured side-to-side peak torque differences of
legs (Zvijac & Toriscelli, 2013). However, a separate study by Wang et al. (2018) found that
when analyzing a player's medical history, athletes with a history of cervical or lumbar spine
injury, rotator cuff repair, superior labrum anterior-posterior repair, anterior cruciate ligament
reconstruction, and other specific played in significantly fewer games in their NFL career
(Wang, et al., 2018). The distinction between these two studies is that the first assessed
muscle strength while the second study assessed prior injuries. This research suggests that
previous injuries correlate to a greater chance of damage in the future. In contrast, the ratio of
muscles in the body does not perform as a strong indicator of injury.
Machine Learning Approach
Another method for predicting injuries involves using machine learning algorithms. A critical
component of any model is the accuracy of data collected. The majority of current models
collect data from league-wide electronic health records. These records are used to record
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injuries that come to the attention of the team's athletic trainers and physicians, NFL medical
spotters, or unaffiliated neurotrauma consultants (Dreyer et al., 2019). The primary concern
with NFL medical data is the possibility of underreporting. This concern is supported because
after switching from targeted reporting to an EHR, 20% more injuries were recorded for the
same "reportable" injuries (Dreyer et al., 2019). However, underreporting is not the only
hurdle in analyzing NFL data. Often the data is unbalanced and enormous. Data scientists
have used feather, a fast disk format capable of reading and writing data frames at defined
chunks, with each chunk containing around 5000 records. (Arulanantham et al., 2019). This
format made reading data into the models easier for the data scientists and improved modeling
accuracy.
Various machine learning models have been experimented with in modeling NFL injuries
with varying results. For example, the SVM model, which stands for support vector machines,
required extensive run times to classify injuries. A possible improvement for this study by
Arulanantham et al. (2019) would be experimenting with kernelized SVMs. This algorithm is
advantageous to traditional SVMs because they enable classification in a higher-dimensional
space without calculating the new, possibly extensive representation.
On the other hand, the study also considered Random forests as a potential model. An
essential difference between SVMs and Random forests is that this Decision Tree-based
classifier does not require meticulous pre-processing of the data. However, the data scientists
in this study found that the model developed overfitting complications with the training data
leading to poorer scores on the test data (Arulanantham et al., 2019). According to the study
by Arulanantham et al. (2019), the best performing model was XGBoost, which displayed
adequately higher scores without overfitting concerns. This model uses fit gradient boosting,
which minimizes the max depth of decision trees. Instead of having the complex decision
trees used in a Random Forest classifier, the XGBoost classifier uses a series of smaller trees
to create complex models while reducing overfitting concerns (Arulanantham et al., 2019).
Given this study’s success with gradient boosting, it is anticipated that gradient boosted trees
will have the most substantial results when modeling NFL injury data in this study.
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Researched Variables for Modeling Injuries
All machine learning models require an output variable (did an injury occur?) with various
input variables. The best models incorporate all variables that have a statistically significant
impact on predicting the output variable. Potential variables the current literature addresses
and considers when forecasting injuries include: race, day of the week the game is played on,
position, time in the season, playing surface, and shoe surface.
Specific racial groups dominate certain positions in the NFL. Specifically, center,
quarterback, and punter are 78%, 78%, 97% white, respectively (Krill et al., 2017). In
contrast, there are four critical positions dominated by black players. They are cornerback
(100% filled by black players), running back (90%), wide receiver (88%), defensive tackle
(82%) (Woods et al., 2018). For black-dominated positions (defensive end, linebacker,
running back, wide receiver and tight end), 605 black players were injured compared to146
white players during the 2013-2014 season. For white positions (quarterback, left and right
tackle, and center), the rate of injury for black players was 29.4% compared to 22.1%. Since
black players play primarily defensive positions, they should have a higher rate of injury since
another study found defensive players suffered the majority of achilles tendon ruptures
(73.7%) (Krill et al., 2017). Since black players are injured at higher rates and play more
dangerous positions, a player's race is a potentially statistically significant variable in a
predicting model.
As previously mentioned, the time of season plays a factor in determining the likelihood of an
injury. Most injuries occur in games, with a higher rate of injury in the preseason than the
regular season (11.5 vs. 9.4) (Mack et al., 2020). A separate study focusing on Achilles
tendon ruptures determined that 72.7% of AT ruptures were sustained in the first eight games
of the regular season. A possible theory to explain a drop off in injury incidences later in the
season may be underreporting. Players are motivated to play in the playoffs for a chance to
earn financial incentives included in their contract and are more likely to attempt to hide or
play through an undisclosed injury.
Playing through minor injuries occurs throughout the season, suggesting more extended
recovery periods between games may lower injury. Yet, studies on the impact of Thursday
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Night Football suggest otherwise. During Sunday and Monday Night Football games, the
injury rate was 7,598 per 1000 athletic exposures compared to 6,072 per 1000 athletic
exposures during Thursday night games (Baker et al., 2019). Although Thursday night games
provide players with fewer days of rest, the data indicates this does not impact the incidence
of injury. This example demonstrated less injury incidence than a regularly scheduled game.
Another variable in predicting injury is the playing surface and shoe design. Currently, 14 of
the 32 stadiums in the NFL have grass fields rather than synthetic turf. Turf fields have the
potential to reduce injury because "they yield a significantly higher peak torque and rotational
stiffness than the natural grass surfaces" (Villwock et al., 2009). However, game data doesn't
support this evidence. During 8 NFL seasons, there was an injury incidence rate of 1 per 100
total games on grass fields compared to 1.08 per 100 total games on artificial turf (Krill et al.,
2017). Since the playing surface is not a statistically significant factor in whether a player will
be injured, this variable will be excluded from the model unless a more compelling study
refutes these statistics is discovered in the future.
Overall, race, player position, and time of season appear to be significant based on the
research conducted. In contrast, field type, shoe type, and days of rest seem to have minimal
impact on the likelihood of a player being injured. As more variables are considered, the
complexity and accuracy of machine learning models will be improved.

METHODOLOGY
To complete this study, I mirrored the methodologies I have been exposed to and worked with
in my analytics and information system courses. This process involved collecting all
appropriate data, cleaning the data, joining together different datasets to create a database,
running machine learning algorithms, building visualizations, obtaining and implementing
feedback, and compiling results and recommendations. I continuously repeated this process
throughout the duration of completing my thesis.
Limitations
In 2013, the NFL players union pushed for the league to implement an electronic health
record (EHR) system to make injury information more accessible to the players. These
-8-

Identifying Factors that Lead to Injury in the NFL
Honors Thesis for Matthew Toner
records include data from 8000 players with over 42,000 injury incidences from the past
decade. This system's use has proved significant as 20% more "reportable" injuries were
reported after switching from target reporting to an EHR system (Dreyer et al., 2019).
However, these records are protected by the Health Insurance Portability and Accountability
Act of 1996, making them inaccessible for this research study. A second limitation is that
accurate ethnic data for players in the NFL could not be found on the internet. As a result, the
researched variable race could not be included in this study.
Data Collection
Without access to the NFL's EHR system, I overcame this challenge by scraping data from
prosportstransactions.com. This website contained every injury incident in the NFL from
2016 to 2022 with the following columns:
•

Date of Injury

•

Team

•

Name of the player acquired to the injury reserve

•

Name of the player relinquished from the injury reserve

•

Notes containing a description of the injury

To supplement this data, I needed player information from historic rosters. Fortunately, I was
able to find this data from the website www.jt-sw.com, which held a collection of historic
roster data. Using the python package BeautifulSoup to web scrape webpages on this site, I
obtained the complete roster for every NFL team for every year starting in 2006. In addition,
the following player attributes were collected for analysis:
•

Position

•

Jersey number

•

Name

•

GP – Games Played

•

GS – Games Started

•

Starting position

•

Years of experience

•

Date of birth
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•

Height

•

Weight

•

College attended

Data Preprocessing
After both the dataset of injury data and player information were scraped into a CSV file, it
was uploaded to the Databricks File System (DBFS). This file upload enabled me to use
Apache Spark's Databricks platform to write code in Python, PySpark, and SQL to engineer
the data for machine learning. The first step was pre-processing the data, turning all column
names to lowercase letters for easier data manipulation, ensuring each feature had the correct
type, and removing miscellaneous characters from text data. To ensure COVID-19 did not
influence results, all COVID-19 data was removed from the injury dataset. Appendix A shows
the two COVID-19 columns in red that were removed from the dataset. The "activated from
IR" data was removed when the relinquished from the injury reserve column was dropped.
This data corresponded to when a player was no longer injured and had no use in the
development of the model. Next, a column was created to count how many times each player
was injured each year.
With the dataset containing player information, data were filtered to include the years 20162019 to match the timeframe of the injury dataset. Last, the player information and injury data
sets were combined into a single DataFrame using an outer join on the primary keys player
name and year.
Data Cleaning
To prepare the data for machine learning, the following translations and calculations were
made to the joined DataFrame:
• Pos = Pos1 – multiple positions were listed. The first position was taken in Pos1
•

Number = removed – a player's number has no logical application for modeling
injuries

•

Start Pos = Start Pos1- multiple starting positions were listed. The first position
was taken in Start Pos1. Since this field contained 58 unique starting positions, the
top 30 positions with the highest occurrence were used. The remaining positions
were consolidated under the label "other_combined."

•

Exp – R values representing a rookie season were filled with 0. Null values were
filled with the median experience value.
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•

DOB = Age – each player's age was calculated using the player's date of birth.

•

Team Name – the player information dataset included the team name. When this
value was null, it was filled by the team abbreviation column from the injury
dataset after it was converted from an abbreviation to a team name.

•

Ht = Height – player height was converted from feet and inches to inches to be
read as a numerical value when running machine learning algorithms.

•

Injury Count = Label – the label column is represented with a 1 if a player's injury
count during a specific year was greater than 0. If a player had an injury count of
0, the label column was filled with a 0. This column serves as the prediction
feature in supervised machine learning.

The final features included in the DataFrame used for modeling include the following:
•
•

Label (1 = injured, 0 = not injured)
Player

•

GP (Games Played)

•

GS (Games Started)

•

Wt (Weight)

•

Year

•

Age

•

Height

•

Experience (Seasons played in the NFL)

•

StartPos1 (player's primary starting position)

•

Pos1 (player's primary position)

•

Team Name

Data Splitting
The data was split into a testing and training DataFrame, with 80% of the data being used to
train the model and 20% reserved for testing the model's performance.
Oversampling
To improve model performance, I conducted oversampling on the training set. This
mechanism involved randomly selecting examples from the minority class "not injured" with
replacement and adding them to the training dataset. Appendix B visually demonstrates how
oversampling increased the percentage of occurrence for the "not injured" from 18% to 53%
of the sample.
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Parameter Tuning
I modeled injuries using four different types of machine learning algorithms. These
algorithms included: logistic regression, decision trees, random forests, and gradient boosted
trees. A parameter grid was created for each model to test various combinations of parameters
specific to each. A 3- fold cross validator assessed each combination of parameters in the
parameter grid and selected the best parameters for each model.

DISCUSSION AND RESULTS
Data Exploration
The first part of my data exploration was determining which injuries were most prominent in
my dataset. Next, I assessed whether my data aligned with Mack et al. (2020), who found that
knee injuries account for 29.3% of lower-body injuries, followed by injuries to the ankle
(22.4%), thigh (17.2%), and foot (9.1%). My results varied from Mack et al. (2020) as the
dataset contained significantly more knee and foot injuries.

Figure 1a – Lower Body Injury Occurrence from Web-Scapred Data Source
Figure 1a shows that the dataset I collected contained 23% more knee injuries, the same
proportion of ankle injuries, 16% fewer thigh injuries, and 16% more-foot injuries than in
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previous research. Overall, lower-body injury occurrence is similar to previous research;
however, the discrepancy of thigh injuries is likely due to how injuries were labeled in each
data source.
Second, I recorded the number of spinal injuries to compare my results with Mall et al. (2012)
study, which collected data from the NFL's injury surveillance database from 2000- to 2010
and observed that spinal injuries made up 7% of total injuries during this period. My dataset's
proportion of spinal injuries was 105 spinal injuries to 4,598 injuries. This equated to spinal
injuries accounting for 2% of injuries, considerably less than previous literature indicated.
Considering my data contained a more recent time period, 2016-2019, rather than 2000-2010,
spinal injuries may have decreased in the NFL since 2010.
I also explored the occurrence of ACL and MCL tears over time in the NFL. According to
NFL.com data in Appendix E, ACL injuries in the regular season between 2016 and 2021
have increased from 36 to 49. This NFL data aligns with the data collected because ACL
injuries rose from 39 to 51 during the same period (Appendix G). However, MCL and
concussion occurrences were drastically different for my dataset. The collected data contained
1 MCL injury in 2016 compared to NFL.com's 90 (Appendix E). This is likely due to
differences in how MCL injuries were reported on the injury reporting website. In addition,
my data has concussions remaining constant from 2016 to 2019 at 23 occurrences (Appendix
G). This disagrees with data reported on NFL.com, which has concussions decreasing from
172 in 2016 to 135 in 2021 (Appendix F). Based on this data exploration, my data captured a
smaller sample of injury data because, unlike the NFL, I did not have access to their
electronic health record systems.
A researched variable from the literature review was the day of the week a game was played.
Before analyzing the data, I anticipated that most injuries would be recorded on the days NFL
football is played: Monday, Thursday, and Sunday. However, after graphing the data, many
injuries were recorded on days games were not held. Sunday has the greatest total of injuries
recorded (782), but this should be expected considering that most NFL games are held on
Sunday. These findings align with Baker et al. (2019), who found that the injury rate was less
during Thursday night games than during Sunday and Monday games. However, since the
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distribution of injuries in my collected dataset occurs across weekdays, it does not seem
logical to include weekdays as a feature as injuries are recorded days after they occur.
Considering this information, I did not use the day of the week as a feature when building my
models.

Injury Occurrence Based on Day of
Week
900
800
700
600
500
400
300
200
100
0

Figure 1b – Sum of injury occurrence based on day of the week the injury occurred
Another researched data variable explored how the time of season affected injury occurrence
in the NFL. Mack et al. (2020) discovered a higher rate of injury in the preseason than in the
regular season (11.5 vs. 9.4). In addition, a separate study focusing on achilles tendon ruptures
determined that 72.7% of AT ruptures were sustained in the first eight games of the regular
season. As demonstrated in Figure 1c, my data supports these findings as most injuries
occurred during August (preseason), with 962 injuries, and September (first four weeks of the
regular season) totaling 1123 injuries. Although Figure 1c supports the inclusion of time of
the season in modeling, honors thesis time restraints prevented it from being comprised in the
dataset used for machine learning.
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Sum of Injury Occurrence each Month
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Figure 1c – Time of Season's effect on injury occurrence
The performance of all four models was assessed using various scoring mechanisms. First, I
compared each model based on the following metrics, F1 score, prediction accuracy,
precision, and recall. Figure 2 displays the resulting scoring metric for each model.

Figure 2 – Accuracy scores for each model used to predict injury label
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The Gradient Boosted Tree model had the most remarkable accuracy score of 0.71. This
model correctly predicted the target variable of whether or not a player was injured during a
specific year 71% of the time. On the other hand, the Decision Tree was the model with the
worst accuracy score at 0.67. However, a more accurate way to assess a model's performance
is by using the F1 score. This is because the F1 score considers a model's precision and
accuracy. Below is the formula to calculate the F1 score.
F1 = 2 x ((precision x recall) / (precision + recall))
It is essential to consider a model's precision because precision measures the quality of a
positive prediction made by the model. Precision refers to the number of true positives
divided by the total number of positive predictions. Gradient Boosted Trees had the best
precision out of the four models tested. However, the Random Forest model had a better recall
score than the Gradient Boosted Trees model. The recall score measures how well the model
correctly identifies true positives. For example, the Random Forest recall score of 0.81
implies that the model correctly identified 81% of the injured players between 2016 and 2019.
Nevertheless, the best model based on these scores was the Gradient Boosted Trees because it
had a slightly higher F1 score than the Random Forest model when extended to the third
decimal, 0.508 compared to 0.500.
Lift Curves
To further assess the performance of each model, the lift charts for each model were
compared side by side, as seen in Figure 3.
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Figure 3 - Lift curves for each model. Logistic Regression (Top Left), Decision Trees (Top
Right), Random Forest (Bottom Left), Gradient Boosted Trees (Bottom Right)
The maximum lift point, the lift's intersection, and the sample's percentage at 0 were relatively
similar for all models except Logistic Regression. The Logistic Regression model had a
maximum lift of 3.5, whereas the other three had a maximum lift of around 5. The maximum
lift implies that the logistic regression model is the worst when predicting injury with the
players with the highest probability of being injured. On the other hand, when analyzing 20%
of the sample, the Gradient Boosted Trees model has the best results. Based on the lift curve,
the group of 20% of the population with the highest probability predicted by the algorithm
would have around a 30% (3 times the 20% mean) proportion of injured players.
Cumulative Gains Curve

- 17 -

Identifying Factors that Lead to Injury in the NFL
Honors Thesis for Matthew Toner

Figure 4 – Cumulative gains curves for each model. Logistic Regression (Top Left), Decision
Trees (Top Right), Random Forest (Bottom Left), Gradient Boosted Trees (Bottom Right)
Another curve used to assess the performance of each model was the cumulative gains curve.
Similar to the lift curve, both are constructed by ordering data points from most likely to be
injured on the left to least likely on the right.
The cumulative gains curves for each model are pictured above in Figure 4. Visually, the
Gradient Boosted Tee model has the greatest amount of area between the class 1 line and the
baseline. However, when analyzing the cumulative gains further, the Gradient Boosted Trees
model captured 90% of injuries with 40% of the sample population. In contrast, the other
three models captured 80% of injuries with the same portion of the sample population. This
indicates that the Gradient Boosted Tree model is the best model when assessed using the
cumulative gains curve.
Overall, the Gradient Boosted Tree model was the best model for predicting injuries in the
NFL. This is in line with existing literature, as the study by Arulanantham et al. (2019) also
found that gradient boosted classification algorithms were best for modeling injuries in the
NFL. Therefore, considering this model was the strongest, important features were assessed
using the Gradient Boosted Trees algorithm.
Feature Importance
The critical features identified by the Gradient Boosted Trees algorithm are displayed in
Figure 5. The model identified team, games played, and starting position as the three most
important features when determining whether an NFL player will be injured.
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Figure 5 – Feature Importance from the Gradient Boosted Trees model
When analyzing the significance of the team feature, I discovered that there was a wide range
of injury occurrences depending on the team. For example, the Jets had the largest amount of
injuries between 2016 and 2019, with 72 injuries, compared to the Charges with 15 injuries
(Appendix C). This range of injuries enabled the model to decrease the probability a player
was injured if they played on the Chargers team. Additionally, I treated each number of games
started as its own column to analyze how the number of games started influenced injury
occurrence. The y-axis in Figure 6 is the average of the injury label. I chose to include the
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average rather than the sum to account for variation in the number of entries for each game
played.

Figure 6 – The average injury occurrence based on the number of games played.
Injury occurrence decreases as the number of games played increases because the probability
of them being injured in that season diminishes as fewer games are left. This trend is most
apparent after playing in 8 games, the halfway point in the season; this feature appears to
follow a normal distribution. Therefore, it makes logical sense that the model could predict
that a player was not injured if they played more games in the season than other players.
The next feature that was investigated was the starting position. The position with the highest
ratio of injury occurrence was the left guard position (Appendix D). This offensive lineman
position is responsible for blocking the running back on rushing players and protecting the
quarterback on passing plays. Considering this position involves physical contact on each
play, the selection of this feature suggests that players involved in more contact are more
prone to injury. Furthermore, the positions contacting the left guard are the defensive end
(DE), defensive tackle (DT), and occasionally a linebacker (LB). All three of these defensive
positions are also within the top 10 positions with the greatest injury occurrence. Appendix D
separates the offensive and defensive positions by color, with offensive positions in red and
defensive positions in blue. Out of the top 10 injury-prone positions, two are offensive (LG,
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TE), whereas the other 8 positions are defensive. This preliminary finding suggests that
defensive players making the tackles are more likely to be injured than the players being
tackled on the field.
Another important consideration is that 50% of positions with the highest injury occurrence
are located in the secondary portion of the field. These positions include safety (S), free safety
(FS), defensive back (DB), cornerback (CB), and strong safety (SS) (Appendix D). These
positions involve tackling players rushing up the field with speed and intercepting passes from
receivers sprinting upfield. Considering these plays involve collisions and contact at high
speed, these defensive positions initiating contact are more prone to injury than the offensive
players being tackled. I intend to collect more data to calculate the force of players colliding
to see if the magnitude of a collision would be significant in modeling player injuries. These
defensive players' injury occurrence suggests that players initiating contact are more likely to
be injured than those receiving the tackle.
Conversely, when viewing players with the lowest injury occurrence, the positions include
kicker (K), punter (P), and quarterback (QB). These positions were expected to have the
lowest injury occurrence because they are football's most well-protected positions. These
players receive minimal contact due to league rules restricting how they are tackled. Also,
they have numerous players, such as the left guard, whose job assignment is to protect them
from contact. Therefore, the rate of injury for well-protected positions supports the idea that
more physical contact required by each position plays a role in injury occurrence.
To assess whether the features age and experience had a potential impact on the performance
of the Gradient Boosted Trees model, I visualized age and experience data together. The yaxis lists the years of experience, whereas the x-axis contains the age of players. Figure 7 uses
the average of the injury label (1 = injured, 0 = not injured) to visualize injury occurrence
depending on age and experience. The combination of age and experience with the highest
probability of injury occurs at age 33 with 13 years of experience. Based on the dataset,
66.7% of players that fit this criterion were injured between 2016 and 2019. The general trend
appears to be that as a player gets older and gains more experience, their probability of injury
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increases.

Figure 7 - injury occurrence based on age and experience of players. Darker color represents
a higher probability of injury.
Recommendations for Future Study
The Gradient Boosted Trees Model selected the most important features in predicting injury
occurrence: team, games played, and starting position. Further study should assess the team's
performance metrics, such as win-to-loss ratio and salary cap. I conducted a preliminary
investigation as to whether climate conditions impacted the occurrence of injuries in
Appendix H. However, the stadium location could not be specified for each team without
access to whether the player was injured during a home or away game. Future studies should
account for the temperature and weather conditions of the stadium where each game injury
occurred. In addition, the study initially aimed to use individual player statistics to be
considered as possible injury-causing variables. However, due to the sparse nature of the
combined datasets containing player statistics for each position, more data cleaning is needed
before this data can be used to model injuries. Ultimately, this study successfully identified
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the main features, such as team contributing to a player's probability of being injured. Further
analysis into each player's starting position revealed that LG, followed by defensive players
position in the secondary portion of the field, was most prone to injury between 2016 and
2019. Future NFL rule changes and adaptions should focus on these players in the positions
highlighted in the study to improve their safety.
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APPENDICES
Appendix A – COVID-19 Data Filtered from Injury Dataset
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Appendix B – Oversampling the Prediction Label
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Appendix C – Number of Injuries per Team
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Appendix D – Injury Occurrence by Starting Position
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Appendix E – ACL, MCL Injury Occurrence Listed provided by NFL.com
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Appendix F- Concussion Occurrence provided by NFL.com
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Appendix G - ACL, MCL, Concussion Occurrence from Collected Dataset
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Appendix H – Injury Occurrence based on Location of Team
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